Introduction
Specific reading disability (SRD) is often characterized by a deficit in the accuracy and fluency of single-word reading despite adequate instruction and cognitive ability (Lyon, 2003) . Years of research have determined that it is more accurate to characterize SRD as a multidimensional and continuous construct than as a simple dichotomous diagnosis (Ackerman et al., 2001; Siegel, 2003) . A number of researchers have identified two readingrelated processes found to be principally deficient in individuals with SRD: phonemic awareness and rapid naming (Ackerman et al., 2001; Pennington et al., 2001; Wolf and Bowers, 1999) . Specifically, it has been established that phonemic awareness (PA) -the ability to both appreciate that spoken words are composed of a set of sounds and to manipulate these sounds -is strongly associated with accurate decoding of both real and nonsense written words (Pratt and Brady, 1988; Stanovich, 1988; Torgesen et al., 1994) . Rapid naming (also referred to as speed of naming or speed of lexical retrieval, RN) -the ability to rapidly map a visual image to a word -in turn, has been found to be a good predictor of the fluency (i.e., speed) of single-word reading (Denckla and Rudel, 1974; LaBerge and Samuels, 1974; Smith and Holmes, 1971) .
Multiple models of SRD implicate different causal pathways thought to relate primarily, but not exclusively, to deficits in phonemic/phonological skills , naming/ retrieval skills (Snyder and Downey, 1995) , or some combination of both deficits (Denckla and Cutting, 1999; Wagner and Torgesen, 1987; Wolf and Bowers, 1999; Wolf et al., 2002) . Correspondingly, the question is whether the difficulties in mastering reading are best characterized through a one-factor model in which phonological skills account for all or most of the variance in reading skills, and rapid naming is subsumed under the umbrella of phonological skills, or through a two-factor model, in which phonological skills and rapid naming each account for some unique variance in reading skills. To arrive at the aims of the proposed study, we need to briefly review the literature on PA and RN.
Phonemic awareness
Individuals with SRD are often described as error-prone readers. It is thought that these errors in decoding and identifying single words are caused by an underlying deficit in the mastery of the sounds of language, that is, PA (Stanovich, 1988; Wagner et al., 1994) . Tasks used to assess PA commonly require some skills to navigate and process phonological information (phonological processing, PP). Thus, PA contributes to PP, but other skills form PP as well.
There is much individual variability in PP, and extensive research has documented the predictability of this variability across the lifespan for reading acquisition (Anthony et al., 2002; Atchley et al., 2003; Lyytinen et al., 2004; Sprugevica and Hoien, 2003) and its variability as a differentiating factor between typical and disabled readers (Stanovich and Siegel, 1994; Torgesen et al., 1997) . Common examples of relevant difficulties observed across the lifespan include trouble rhyming (Ackerman et al., 1994) ; identifying phonemes or syllables in a word (Mody et al., 1997) ; deleting, isolating, or substituting syllables or phonemes in a word (Duncan and Johnston, 1999; Scarborough et al., 1998) ; blending syllables and phonemes to form a word or pseudoword (Hoien et al., 1995) ; decoding and encoding (Snowling et al., 1997) , and repeating (Brady, 1997) pseudowords. The variability of the tasks used to measure PP has been conceptualized through a latent construct known as underlying phonemic ability (Schatschneider et al., 1999; Wagner et al., 1994) .
The stability of PA within an individual over time, although modifiable (Torgesen et al., 1999) , suggests that this trait is a consistent influence on reading acquisition and ability throughout the lifespan. Specifically, children and adults with reading difficulties often exhibit persistent difficulties on PA tasks under conditions of both natural development and remediation (Bird et al., 1995; Fawcett and Nicolson, 1995) . For example, college students with a previous history of SRD who read appropriately for their age and education level were reported as deficient in their ability to successfully manipulate phonemic representations in comparison with a control group of college students without SRD (Wilson and Lesaux, 2001) . Interestingly, in adults these phonological deficits are most apparent in novel phonological situations such as spelling or reading pseudowords or in lexical decision tasks (Bruck, 1992) . This finding suggests that although adults have developed compensatory strategies for dealing with learned words, they are still deficient in the underlying PP. It should also be noted that PA demonstrates substantial heritability, averaging at $.45 (95% CI .42-.70) (Grigorenko, 2004) .
Thus, PA skills remain a source of substantial individual variability across the lifespan. The source of this variability appears to be neurologically rooted (Pugh et al., 2001) , with the relevant brain circuits somewhat sensitive to targeted intervention (Agnew et al., 2004; Shaywitz et al., 2004) . The transformation, however, of these neurological changes into stable and prolonged behavioral manifestations , as well as the transformation of improvements in PA skills into strengthened single-word reading, although possible, is a challenge (Bus and van IJzendoorn, 1999) .
In summary, the PA-single-word reading link, although powerful, is not absolute. In other words, although important for reading, PA is not the only vital process (Castles and Coltheart, 2004) . Other reading-related processes need to be considered in relation to SRD, including RN (Wolf and Obregon, 1992) .
Rapid naming
Researchers of different theoretical orientations (LaBerge and Samuels, 1974; Smith and Holmes, 1971 ) agree that fluent reading requires automatized rapid processing of single words; such an automatized rapid processing is closely related to, and thus highly correlated with, serial RN. A set of naming tasks was initially designed to assess this ability to map visual stimuli to their phonological representations automatically (Denckla and Rudel, 1974) . Currently, there are many methods aimed at quantifying this skill (Swanson et al., 2003a) . There is a substantial body of research indicating the connection between slow performance on serial naming tasks and laborious, slow, disabled reading (Ackerman and Dykman, 1996; Fawcett and Nicolson, 1994; Katzir et al., 2006; Savage and Frederickson, 2006; Semrud-Clikeman et al., 2000; Wocadlo and Rieger, 2007) . Of note is that RN tasks do not require participants to be literate; stimuli can be colors or pictures. For example, in pre-literate children, RN of objects turns out to be predictive of letter knowledge (Torppa et al., 2006) . Longitudinally, however, alphanumeric (rather than color-object) RN appears to be a better predictor of individual differences in reading skills (Compton, 2003; van den Bos et al., 2002) and of concurrent textreading speed (Savage and Frederickson, 2005; Young and Bowers, 1995) . However, there are ongoing debates in the literature about the longitudinal predictive validity of RN (Puolakanaho et al., 2007; Savage, 2004) .
Similar to PA, impairments in RN persist throughout childhood and adulthood. A 9-year follow-up study conducted on individuals identified at age 9 as reading disabled established that naming ability remained consistent and, in individuals with reading problems, deficient over the decade (Korhonen, 1995) . Although RN skills can be improved (Kerins, 2006; Wolf et al., 2000) , the training appears to be time and labor intensive (de Jong and Vrielink, 2004; Korkman et al., 1999 ). Yet, RN indicators themselves have been reported to be unrelated to improvements in reading fluency (Berends and Reitsma, 2006) . Similar to PA, individual variability in RN appears to be related to individual differences in activation patterns of specific neural substrates (Misra et al., 2004 ) and its heritability is estimated at $.60 (Grigorenko, 2004) .
Additionally, RN is predictive of reading performance, but unlike PA, RN is most predictive in orthographies that display more consistency in the manner in which letters map to sounds (unlike English) (Muller and Brady, 2001) , such as Finnish (Nopola-Hemmi et al., 2002; Torppa et al., 2006) , Spanish (Gonzalez and Valle, 2000) , and German (Landerl and Wimmer, 2002) . Successful decoding in an orthographically transparent language is significantly easier than decoding in a language such as English, and thus allows more successful decoding by individuals who might otherwise exhibit difficulties (Goswami, 2003a ). Yet, despite this advantage in certain languages, individuals with SRD still exhibit difficulties mapping letters to word sounds in a fluent manner; thus, in phonologically transparent linguistic environments, the performance of individuals with reading difficulties is still distinctly different from that of typical readers (i.e., is slow and laborious, although often comparable in accuracy).
Thus, the language of the reader appears to modulate the impact of various factors in the acquisition of reading ability; not all languages are equally easy or difficult for readers. PA and RN ability appear to vary in their respective power to predict reading performance depending on the level of transparency of a given orthography.
Relationships between PA and RN
Thus, PA is primarily concerned with the representation of the sounds of language, whereas RN is concerned with the retrieval of that information [for a comprehensive review of both processes and their relationships to dyslexia, see Ramus and Szenkovits, 2008] . Given the interest devoted to each of these processes in the literature, it is only natural that researchers have tried to investigate the relationship between these processes (Allor, 2002) . A number of corresponding models have been developed: (1) a model in which RN and PA are viewed as different manifestations of a latent construct variably referred to as phonological competence, phonemic ability, phonological processing, or phonological representation (Savage, 2004; Shankweiler and Crain, 1986) ; (2) a two-factor model in which PA and RN are dissociable, so that deficits in each can contribute independently to the manifestation of SRD [although the most severe SRD is observed when both PA and RN are deficient, e.g., Bowers and Wolf, 1993] ; and (3) models in which PA and RN are partially independent, sharing some variance in common and contributing uniquely to SRD in a hierarchical manner, in which the contribution of RN variability, although of interest, is relatively insignificant in the manifestation of SRD (Ackerman and Dykman, 1993; Ackerman et al., 2001; Felton, 1992; Meyer et al., 1998; Pennington et al., 2001 ). Below we offer some brief excerpts from the literature to exemplify these models and, based on this review, formulate our hypotheses for the studies presented here.
Support for the first theoretical position -that PA and RN are different manifestations of the same latent construct -was generated in a number of empirical works that included measures of both PA and RN [e.g., de Jong and van der Leij, 2002] . In these studies, researchers attempted to discover whether RN accounts for any variance in the criterion (typically single-word decoding) over and above PA; the results indicated that, if at all, RN contributed to reading performance at a low level. Yet, the evidence from studies in English (Savage and Frederickson, 2006) and other languages (Torppa et al., 2006) suggests that naming ability has a considerable effect on reading performance. When decoding skills are formed and are no longer an obstacle for deficient readers of transparent languages, a fluency deficit remains. Thus, it is not unreasonable to conclude that there may be a second process in addition to a deficit in PP that explains the observed individual differences in reading present in all languages, although this process might be important at different developmental stages than PA.
Wolf and colleagues (Bowers and Ishaik, 2003; Bowers and Wolf, 1993; Wolf and Obregon, 1992) and other researchers (Miller et al., 2006) provide a useful illustration to show that PA and RN are two different processes. Specifically, these researchers posited a two-factor model of reading disability referred to as the DoubleDeficit Hypothesis (DDH), which states that PA and RN are distinct processes that contribute to both reading acquisition and reading difficulties. The practical implication of this hypothesis is that, among children with SRD, one can find children with either PA or RN deficits ($15-20% each) or both deficits ($60%) (Wolf et al., 2002) . Whereas children with PA and RN deficits tend to manifest somewhat distinct profiles of deficiencies, all deficiencies might occur in the two-deficit group, making it the group most severely affected with SRD. Thus, it is assumed that PA and RN are independent factors that act additively in the double-deficit group. There is a substantial body of research Spring and Davis, 1988; Spring and Perry, 1983; Wolf and Bowers, 1999; Wolf and Obregon, 1992) that supports the DDH, although it also has its detractors (Schatschneider et al., 2002) .
The third theoretical position assumes that RN contributes to the manifestation of SRD over and above PA, but that this contribution is insufficient to be causal. The data supporting this view have been generated in group comparison (Cardoso-Martins and Pennington, 2004) , longitudinal (Catts et al., 2002; Compton, 2003; de Jong and Olson, 2004; Felton, 1992) , modeling (Manis et al., 1999) , and meta-analytic (Swanson et al., 2003b) studies.
This position appears to correspond with a conclusion drawn from a review of the history of testing for RN (Denckla and Cutting, 1999) , according to which RN is a complex ability that draws on multiple psychological processes (visual, verbal, and executive, to name a few). It is possible that only a portion of the variance in RN is related to reading and, compared with PA, is of modest magnitude.
This research aims to compare three competing hypotheses: (1) PA and RN are different manifestations of the same underlying process (i.e., a broadly defined phonological ability) and, therefore, have a common etiology; (2) PA and RN are distinct processes with distinct etiologies; or (3) PA and RN are partially overlapping processes contributing both shared and distinct variance to reading ability and disability, and thus, their etiologies have both shared and unique components (Fig. 1) .
Although a direct test of these hypotheses is not possible in this particular research context, we can add to the relevant discussion in the field with regard to the plausibility of these hypotheses using the results from the two studies described below. First, in Study 1, we collected behavioral data from the participants in a large-scale family study. These data allowed us to evaluate the familiality of PA and RN, and to conduct segregation analyses of these indicators (i.e., to utilize a method of genetic analysis that tests whether an observed pattern of phenotypes in families is compatible with an explicit model of inheritance, see Boehnke et al., 1988; Bonney et al., 1988; Elston, 1981; Lalouel et al., 1983) . Then, in Study 2, using the information obtained from these segregation analyses, we simulated a genetic dataset mimicking the distribution of PA and RN in the general population. Finally, we analyzed the simulated dataset to illustrate the feasibility of recovering the initial parameter estimates obtained through the analyses of the original behavioral data and mapping the genes contributing to the manifestations of PA and RN.
Study 1
The main goal of this study was to investigate familial aggregation of PA and RN and the etiology of observed correlations between PA and RN in a large set of unselected (i.e., ascertained from the community) families. Specifically, the goal of the study was to estimate (1) the degrees of familiality and heritability of both traits; (2) the possible etiology of the traits individually, and their overlap; (3) the number of genes contributing to the traits; (4) the mode of this contribution; (5) the overlap (if any) between these genes across the two traits; and (6) the level of genetic contribution to these traits (i.e., the magnitude of gene-specific effects). The sample was ascertained through children attending third, fourth, and fifth grades in the public schools of a mid-size city in Russia. Schools were selected from school clusters to represent typical schools in this city. The study was advertised by flyers at the participating schools, and families were monetarily compensated for their participation.
The Russian language 1 was selected intentionally because its linguistic properties put it approximately in the middle of the ''transparency'' scale between phonologically-orthographically complex (e.g., English) and phonologicallyorthographically transparent (e.g., Swahili) languages. Correspondingly, the hypothesis was that both PA and RN are relevant in studying both typical and atypical reading skills in Russian and, thus, Russian would provide an excellent model in which to explore the etiology of and relationships between these traits. The sample included 502 children aged 7-13 years (mean = 9.7, sd = 1.2), 259 (51.6%) boys and 243 (48.4%) girls clustered in 488 families (14 families had two children eligible to participate in the study, the remaining families had only one eligible child). In these families, at least one parent or adult caregiver was assessed. Altogether, we assessed 473 mothers (aged 24-52, mean = 33.9, sd = 5.2) and 324 fathers (aged 22-61, mean = 35.7, sd = 5.7). In addition, we assessed 6 grandmothers (aged 49-68, mean = 60.0, sd = 8.8) and 3 grandfathers (aged 53-65, mean = 58.7, sd = 6.0). Overall, there were 333 complete families (with both parents and at least one child assessed) and 155 incomplete families (with at least one adult relative and one child assessed). Of the incomplete families, 7 families had fathers and no mothers, 146 families had mothers and no fathers, and 2 families had grandparents but no parents. Thus, the total number of consenting participants in this sample was 1302.
Materials
All available and consenting family members were assessed on indicators of PA and RN. The selection of the two particular instruments used in this study were driven by the following considerations: (1) the availability of the validated (i.e., adapted and utilized in other research) version in Russian; (2) the distribution of the levels of difficulty for the items so that the instruments could be administered to both children and adults; and (3) the utilization of the instruments in other studies using genetically informative designs (i.e., family or twin designs).
2.1.2.1. Phonemic awareness. PA was assessed with a Russian modification of Rosner's Test of Auditory Analysis Skill [TAAS (Rosner, 1999) ]. Participants are required to make a new word by deleting a specified element (e.g., ''Say meat. Now say it again, but don't say m''). The trial items and the first few test items involve the deletion of a morpheme in a compound word or a syllable in a two-syllable word. The 40 remaining items involve omitting a phoneme, first in the initial position, then at the end of a word, then from consonant blends at the beginning of a word, and, finally, from phoneme blends in the middle of a word. The items varied in length from one to four syllables.
Rapid naming.
We used an appropriate Russian version of the Test of Rapid Naming for Colors, Objects, Numbers, and Letters [RAN (Denckla and Rudel, 1974) ] to assess RN. Each of the 4 tests of the RAN consists of a chart containing 5 different items (i.e., 5 colors or 5 letters) presented in horizontal rows of 10 items each, repeated in a random order. The time it takes the child to name the 50 items from left to right, top to bottom, is measured.
Procedure
All of the children and adults were tested individually. Families were compensated monetarily for their participation.
Phenotypes
Using the TAAS, we counted the number of correct responses. For the RAN, we registered the time spent on each type of stimuli (colors, objects, numbers, and letters) and calculated the average time spent on each subtest. The correlations between the RAN subtests were fairly substantial, and, for the purposes of these analyses, we decided, following examples in the literature (Byrne et al., 2006; Petrill et al., 2006; Whiteley et al., 2007) , to use an average of the four measures. To generate phenotypes for the subsequent analyses, each trait (TAAS number of correct responses and RAN average time for the four cards) was covaried for age, gender, and age category (child vs. adult). The distribution of these resulting variables approximated normal distribution. The correlation between these two modified variables was À.330 (p < .001), which is congruent to previously reported results (Compton et al., 2001; Landerl, 2001; Petrill et al., 2006; Swanson et al., 2003a) .
Statistical analyses
The purposes of the analyses were three-fold. First, we wanted to investigate the familial correlations between different pairs of relatives. These investigations were based solely on correlational analyses.
Second, we were interested in establishing heritability estimates for the traits of interest (PA and RN). To obtain these heritability estimates, we followed relevant illustrations in the literature (Almasy et al., 1999; Wijsman et al., 2000) . Specifically, we used LOKI software (Daw et al., 1999 (Daw et al., , 2000 Heath, 1997 ) to obtain broad-sense 2 heritability estimates, and SOLAR software (Almasy et al., 1999) to obtain narrowsense 3 heritability estimates; we also used a number of original R and Python routines for data manipulation and result presentation. Both LOKI and SOLAR allow the estimation of heritability based on family data of the kind we collected in this study (i.e., child-parent and other relative data from nuclear and small extended families). It is thought that these estimates represent upper bounds for heritability estimates since it is possible that they are somewhat inflated by the contributions from the family shared environment. Yet, both pieces of software are widely used in genetic studies of complex disorders with family data, and the corresponding estimates of heritability are perceived as informative. Third, we were interested in investigating the modes of genetic transmission that might explain the familial aggregation of PA and RN. The methodology for these analyses was adopted from published work (Wijsman et al., 2000) . Specifically, driven by the evidence that multiple genes contribute to the manifestation of reading ability and disability [e.g., Galaburda et al., 2006] , we used the oligogenic segregation analysis Bayesian approach through the Markov chain Monte Carlo (MCMC) implemented in the LOKI software (Daw et al., 1999; Daw et al., 2000; Heath, 1997) . In general, segregation analysis permits an investigation of the vertical familial transmission of the phenotype of interest; oligogenic segregation analysis, in particular, allows the modeling of such patterns of familial transmission, including both genetic and environmental factors so that both estimates of heritability and environmentality can be obtained. In particular, in the MCMC approach, it is assumed that phenotype is related to an additive combination of the effects of specific ''environmental'' covariates (e.g., education) and genetic influences captured through quantitative trait loci (QTL). The phenotypes and covariates are measured, whereas the parameters, including covariate effects, the number of QTL, and their specific effects are estimated by MCMC. In each MCMC iteration, randomly perturbed model parameters are proposed and then either accepted or rejected with probabilities determined by a Metropolis-Hastings ratio. In particular, LOKI uses reversible jump MCMC techniques to incorporate moves that change the numbers of QTL and parameters in the model. Each iteration contributes to the estimates of posterior probabilities. Thus, the estimation involves a stochastic element and calls for many iterations, so that probabilities of the competing models generated during the MCMC iterations can be estimated and compared. In these analyses, we used 20,000 iterations. Specification of parameters in the prior distributions required for Bayesian analyses was done following previously developed procedures (Wijsman et al., 2000; Wijsman, personal communication) . As anticipated, results are quite insensitive to the choices of most of the prior parameters, but there is one parameter that can have a considerable effect. The idea of the procedure for choosing this parameter was to adjust it through a range of possible values and choose a value around which the results were most stable. 4 The utilization of complex modeling techniques [e.g., variance-components techniques (Almasy et al., 1999) and MCMC (Wijsman et al., 2000) ] on families of different constellations (e.g., including parents, offspring, siblings, and grandparents) allows us not only to obtain estimates of familiality, but also to obtain estimates of heritability. In addition to providing heritability estimates, modern segregation analyses allow investigators to formulate better hypotheses regarding the patterns of vertical transmissions of phenotypes of interest, the anticipated number of genes that might be involved in the transmission of these phenotypes, and the effects sizes for the genes that are hypothesized to be involved. The information obtained from such segregation analyses is informative for molecular-genetic studies attempting to localize specific genes, and it can and should be used in subsequent molecular-genetic investigations. In particular, both LOKI and SOLAR allow the results of segregation analyses to be incorporated into the analyses of molecular-genetic data collected for the same phenotypes. The accurate and proper utilization of the information from segregation analyses in the investigation of genetic linkages and associations with traits of interest might help reduce the number of non-replications in the field of genetic studies of complex behaviors (NCI-NHGRI Working Group on Replication in Association Studies et al., 2007) . In short, these modeling techniques allow researchers to formulate more precise hypotheses regarding the magnitude, pattern, and structure of the transmission of genetic predisposition in families vertically, across generations, and to verify these hypotheses, sequentially or simultaneously, in the context of molecular-genetic investigations (Brkanac et al., 2008; Sung et al., 2007) and are especially useful for complex behavior traits whose inheritance is characterized by multilocus inheritance, allelic and locus heterogeneity, and often the presence of a substantial environmental component (Igo and Wijsman, 2008) . Table 1 shows the correlations between the different types of relatives present in our sample, specifically, child-mother, childfather, and mother-father correlations. All of these correlations were calculated twice, (1) controlling for age and gender and (2) utilizing original indicators. Three observations can be made from Table 1 . First, all of the familial correlations for blood relatives, but one borderline correlation (between PA for children and their fathers, p = .102), are statistically significant. Second, also of interest is a pattern of correlations between the spouses: neither the PA nor the RN correlations were significant, indicating the absence of assortative mating for either of the traits. Third, of particular note here is the fact that, in this study, the same instruments for assessing PA and RN were used for both parents and children to investigate the patterns of vertical transmission. Thus, at least conceptually, there was an assumption that the same skills were measured across generations. This conceptual comparability does not assume the absence of age effects, but makes them easier to understand and interpret. Yet, in this study, the ''raw'' and age-and gender-adjusted correlations are not substantially different (see Table 1 ). Both types of correlations capture the presence of relative resemblance or familiality. This familial resemblance, however, can be attributed to the influence of shared genes, shared environments, or both. Below, these indicators are subjected to further analyses to estimate heritability (i.e., the degree of resemblance attributable to shared genes) for both PA and RN.
Results

Correlations between relatives
Heritability estimates
As indicated above, we used two different pieces of software, SOLAR and LOKI, to obtain heritability estimates. SOLAR reports heritability in the narrow sense, which is based on additive genetic variance only: the underlying model assumes that genetic effects operate according to a linear additive function with no higher order interactions. LOKI reports heritability in the broad sense, which includes both additive and interactive effects of genes. In other words, heritability estimates obtained through SOLAR indicate the lower boundary (i.e., the lowest possible values of heritability estimates for PA and RN, assuming that only additive genetic effects are involved), while the ones obtained through LOKI indicate the upper boundary of heritability (i.e., the highest possible values of heritability estimates for PA and RN, assuming that additive and nonadditive genetic effects are involved) of the trait. Because, at least at this point, both models are plausible, it is important to consider both of these types of heritability estimates.
For the two traits of interest, the narrow-sense (SOLAR-based) heritability estimates were .158 (se = .066) and .246 (se = .063), for PA and RN, respectively. Both values were statistically different from 0. The broad-sense (LOKI-based) heritability estimates for the PA and RN phenotypes were, respectively, .729 (se = .066) and .569 (se = .057). Thus, depending on the genetic model/statistical software utilized, the heritability estimates varied from .158 to .729 for PA and from .246 to .569 for RN. These results indicate that additive genetic effects appear to be smaller for PA than RN, and that nonadditive genetic effects (i.e., dominance) appear to be greater for PA than RN.
Number of contributing genes
The heritability analyses presented earlier added additional data to the literature, signifying the importance of genetic factors, especially genetic interactions, as sources of individual differences in both PA and RN [for a review, see Grigorenko, 2004] . The next step in the analyses conducted here was to investigate the number of genes that might form these genetic factors. Because these analyses are possible only with the LOKI software, we utilized the broad-sense heritability estimates (and, correspondingly, the genetic model capturing the additive and nonadditive effects of genes on PA and RN). All analyses were performed covarying for age, sex, and their interaction, with 20,000 iterations. Fig. 2 (A and B) illustrates the estimates obtained from the MCMC segregation analyses of the posterior probability that specific QTL contribute to each of the two phenotypes, PA and RN. Overall, results indicate that multiple genes contribute to the phenotypes of PA and RN.
Specifically, the number of QTL affecting PA was estimated at three to six (posterior probability of .924), with a range of posterior probabilities that a specific number of genes contribute to this trait at .002, .019, .322, .304, .202, and .096 for one to six genes, respectively (see Fig. 2A, top histogram) . The distribution of results from 20,000 iterations was characterized by a range of 0-9, with a mean of 4.20, median of 4, mode of 3, and standard deviation of 1.25. The effect size analysis suggested that, among the genes contributing to the variation in PA, when only genetic variance is considered (i.e., 1 is all genetic variance contributing to the trait, regardless of the proportion that genetic variance contributes to the overall phenotypic variance of the trait), there is only one gene of main effect (at an effect size of .4-.6), three to four genes of moderate effect (at an effect size of $.2), and possibly a number of genes of small and very small effects (at an effect size below .1 and only slightly different from 0). Interpreting these results in the context of the heritability estimates presented earlier indicates that there might be a gene accounting for $30% of the genetic variance in PA. In addition, 3-4 genes appear to be accounting for 14-15% of the genetic variance, and 4-5 genes appear to be contributing to $5-7% of the genetic variance. Of note is that, given the small magnitude of the narrow-sense heritability estimates for PA (.158), it is likely that a major portion of the genetic variance in PA is attributable to nonadditive rather than additive genetic effects.
The number of QTL contributing to the phenotypic variance of RN was estimated at three to five (posterior probability of .896), with a range of posterior probabilities that suggest that a specific number of genes contribute to the trait of RN at .002, .053, .483, .292, and .121, for one to five genes, respectively (see Fig. 2B , top histogram). The distribution of the 20,000 iterations had a range of 0-9, with a mean of 3.63, median of 3.00, mode of 3, and standard deviation of 1.00. The effect size analysis suggested that, among the genes contributing to the genetic variation in RN (i.e., when all genetic variance in the trait is fixed at 1), there is one gene of moderate effect size (i.e., accounting for $.4 of the genetic variance), two to three genes of small effect (at an effect size of $.2), and a number of genes of very small effect (at an effect size of .1 and below). Similar to PA, the relative contributions of these genes to the genetic variance in RN appear to vary from $5% to $30% of the total genetic variance. However, given that the broad-sense heritability for RN is smaller than that of PA (.569), the absolute contributions of these genes will be smaller than those of the genes contributing to PA's phenotypic variance.
When both phenotypes were used as covariates in the analyses of each phenotype, the estimates for the number of contributing genes decreased. Specifically, when PA was adjusted for RN, the mean number of genes was estimated at 3.93 (range 0-10, median of 4, mode of 3, and standard deviation of 1.35), with the distribution slightly shifting to the left (see Fig. 2A, bottom histogram) . Similarly, when RN was adjusted for PA, the mean number of genes was also fewer than for the unadjusted RN, and was estimated at 2.85 (range 0-8, median of 3, mode of 2, and standard deviation of 1.01), with the distribution slightly shifting to the left (see Fig. 2B , bottom histogram). These results are in line with the results of the bivariate genetic analyses characteristic of modern analyses of twin data. For example, when both PA and RN are considered simultaneously in the context of genetic analyses, a so-called ''genetic correlation'' can be obtained; these correlations, when squared, indicate the proportion of shared genetic variance in the two traits. Although not many, the literature contains estimates of such correlations between PA and RN, e.g., .35 [95% confidence interval .16-.52 ] and .53 [no confidence interval available (Petrill et al., 2006) ]. These estimates suggest that the percent of overlapping genetic variance in these two traits is $12.3-28.1%. Our estimates are closer to the lower value, but are of similar magnitude. As evident from the bottom histograms in Fig. 2A and B, the genetic overlap between PA and RN is characterized by one-two genes, whose contributions to the genetic variance are of main (30%) to moderate (14-15%) magnitude. Thus, it is possible that these (this) shared genes (gene) form the basis of the genetic correlations between the two traits.
Discussion
The pair-wise correlations of PA and RN for different types of relative pairs indicated the presence of familiality in their patterning. This familiality, however, could be explained through genetic, environmental, or a combination of both factors. The fact that heritability estimates for both PA and RN were statistically significant suggests that genetic factors do play a role in the manifestation of both of these traits.
Previously, heritability estimates for PP including PA have been reported to range from .3 to .8 (Boada et al., 2002; Byrne et al., 2006; Davis et al., 2001; Francks et al., 2003; Olson, 1999, 2003; Petrill et al., 2006) . There are fewer studies estimating heritability coefficients for measures of RN; these studies have reported estimates ranging from .1 to .8 (Byrne et al., 2006 (Byrne et al., , 2007 Davis et al., 2001; Petrill et al., 2006; Samuelsson et al., 2007) . However, all of the estimates in the literature present narrowbased heritability estimates (i.e., estimates capturing only additive genetic variance). Thus, although our estimates of heritability appear to ''fit'' within the wide brackets of the estimates currently available in the literature, when only narrow-sense heritability is considered, our estimates tend to fall in the lower range defined by these brackets. There are a number of factors that substantiate these heritability estimates.
First, much of the prior research was conducted on samples of twins, whereas we sampled families. It is known that heritability estimates obtained through twin samples tend to be somewhat higher than those obtained through family samples (van Beijsterveldt and van Baal, 2002) . For example, Marlow et al. (2001) reported heritability estimates of PA of .3 when assessing sib-pairs and family members. Thus, it is reassuring that, although somewhat lower than twin-based estimates, the estimates obtained from our data appear to be comparable to other estimates available in the literature which were obtained on family rather than twin data.
Second, the majority of the prior studies in which heritability estimates for both PA and RN were obtained [for a review, see Grigorenko, 2004] based their ascertainment strategy on recruiting affected individuals and their families. There is evidence suggesting that restricting the sample to affected individuals and their families might increase heritability estimates (Castles et al., 1999) . In contrast, and similar to some other studies (Byrne et al., , 2007 Petrill et al., 2006) , our sample was collected from the community to represent the full range of reading ability. Thus, our estimates, although lower than some previous estimates obtained from proband-ascertained samples, are in line with community samples.
Third, most heritability estimates of phonological processes have been conducted in English, a language in which the phonology-orthography link is fairly difficult to master (Goswami, 2003b ). This study, to our knowledge, provides first estimates of the heritability of reading-related processes in Russian.
These heritability estimates appear to be reasonable in the context of the results of the segregation analyses.
In summary, these results suggest that there are four to six genes contributing to PA and three to five genes contributing to RN. It appears that, for each trait, each gene mostly contributes uniquely, but there is evidence that at least one, and possibly two genes, contribute pleiotropically to both phenotypes. Based on the analyses of the box plots in Fig. 2A and B, it seems that the gene(s) pleiotropically contributing to both PA and RN is (are) of moderate-small effect (again, in these analyses only the total additive and nonadditive genetic variance was modeled). This is why, as per the joint analyses of the traits, the ''loss'' of a shared gene is more noticeable for RN than for PA.
Thus, in this study, we confirmed previous evidence (Wijsman et al., 2000) suggesting that individual differences in the componential traits of reading (i.e., PA and RN) appear to be controlled by multiple genes of a variety of effects, ranging from very small (<1% of the total genetic variance) to substantial ($30% of the total genetic variance). It is important to note that in these data we observed a rather small amount of overlap between the constellations of genes contributing traits to PA and RN, both in the genes themselves and the magnitude of the effects of the shared genes. This finding contradicts the hypothesis that posits the presence of a generalist gene for reading-related componential traits and learning disabilities (Plomin and Kovas, 2005) .
Study 2
The purpose of this study was to investigate the robustness, reproducibility, and generalizability of the observations made in Study 1. In other words, having obtained specific information concerning how (through how many genes and of what magnitude) the traits of PA and RN appear to be transmitted across generations, we wanted to evaluate the plausibility of this information. The objective of the study was to effect a ''reverse movement'' from the data obtained in Study 1 toward an opportunity to compare results obtained in a highly controlled simulation study with the findings available in the literature. Specifically, the general results of a segregation analysis from Study 1 were used to parameterize the simulation of 3000 unselected sibling families segregating traits of PA and RN.
Methods
We carried out two simulation exercises; these simulations were designed to both confirm and expand our observations from Study 1. Overall, we wanted to investigate the following questions: Given that there appear to be genes that control genetic variance in both traits in a shared and specific manner, what is, empirically, the degree of reliability and precision yielded by unveiling the impact of such genes in the contexts of segregation (first simulation exercise) and linkage (second simulation exercise) analyses?
The first simulation exercise was designed to test the hypothesis that we can detect the influence of both shared and unique genes in simulated data. To simplify both the simulation and the analyses, we simulated two identical quantitative traits and varied the degree of genetic overlap between them. Specifically, we assumed that four genes contributed to each trait. All four genes were of equal effect size; that is, they each contributed 25% of the total genetic variance of the trait. To explore the impact of overlap among the genes, we ran five rounds of simulations based on different scenarios, ranging from the two traits sharing no genes to the two traits sharing all contributing genes (see Fig. 3A ). The parameters of this exercise were informed by the findings from Study 1.
The second simulation exercise was designed to test the hypothesis that we can detect genes of both shared and unique effects using genetic-linkage analyses, i.e., the analyses typically used to search for genetic regions harboring SRD-related genes [for a review, see Grigorenko, 2005 ; Grigorenko and Naples, in press]. For this exercise, we used the scenarios depicted in Fig. 3B . In each of the three scenarios, we Fig. 3A . In that model, four unique genes contribute to the variance in PA. For each gene, there is a numeric hypothetical phenotypic value associated with each specific genotype. In this example, an individual has the aa genotype at QTL1, the aa genotype at QTL2, the ab genotype in QTL3, and the bb genotype in QTL4. Each genotype contributes a value to the resulting PA value (shown by numbers). In addition, there are certain amounts of other variance (shown by letters e and p) that reflect polygenic and environmental contributions and noise. set the genetic variation in both traits as controlled by three genes, with one gene contributing to both traits (i.e., all scenarios involved five genes, see Fig. 3B ). However, we also set the genes to contribute differentially in terms of their effect sizes across the different scenarios. Specifically, in the first scenario, for the genetic variance, the shared gene contributed to 50% of PA and 45% of RN; in the second, 33% to PA and 33% to RN; whereas in the third, the shared gene contributed to 17% of PA and 22% of RN. The contributions of the unique genes varied and are presented in Fig. 3B . This constellation of loadings was modeled using the results of Study 1.
The following steps were used in the simulation study, identically for both exercises 1 (segregation analysis study) and 2 (linkage analyses study). Genotypes and phenotypes were simulated using the Python programming language. We randomly generated 6000 parents; they were ''mated'' to form 3000 families of 2 parents and 2 children each. Eight genes were needed to meet the requirements of all of the scenarios depicted in Fig. 3A and B. Because each of these genes contributed to the simulated quantitative traits (modeled PA and RN), we refer to them as QTL.
For simplicity, all genes relevant to the modeled quantitative traits (either PA or RN) were defined as autosomal biallelic loci (QTL1-8) with equifrequent alleles; all alleles and loci contributed to the traits additively. The variance in each trait was determined by genetic and residual variance; the latter included environmental and polygenetic variance and noise. Specifically, for both traits, the variance was 80% genetic, 10% polygenic, and 10% environmental (including error). Finally, once the genotypes for each individual were determined, the value of each genotype was established and the overall trait value was calculated additively. For example, in the first simulation exercise, the input of each of the QTL contributing to either of the two traits (PA or RN) was simulated according to pre-set effect size (or the amount of variance effected by the genotype, i.e., the particular combination of alleles, at every QTL, as it accounts for a given portion of the overall genetic variance for the trait). The contribution of each allele combination was also determined by pre-set values. Fig. 4 presents an example of how ''gene-based values'' were used to generate a ''behavioral value'' for one of the simulated traits, RN. We simulated a 372-marker genome. The marker locations were chosen from the ABI Prism 1 Linkage Mapping Set, Version 2.5b, and the distances, in cM, were determined using the Marshfield map, the most complete for the markers chosen. The markers on the ABI panel ranged from two to 16 alleles; for simplicity, we chose to use five alleles for each marker. The 8 QTL were randomly placed on regions of interest for reading disability, as identified in a recent meta-analysis (Grigorenko, 2005) : 15q, 6p, 2p, 6q, 18p, 11p, 1p, and 3p. The simulation code is available at www.yale.edu/eglab.
Results
The data simulated in both exercises were subjected to two rounds of analyses. First, we carried out a set of segregation analyses similar to those conducted in Study 1. Second, we conducted a set of genetic linkage analyses to investigate the power to detect the genes influencing correlated traits when a different number of unique and overlapping genes are involved and are of various effect sizes.
3.2.1. Hide and seek: how many genes can be found? 3.2.1.1. Number of genes found as a function of overlap among genes. Here, the datasets simulated according to the scenarios depicted in Fig. 3A were subjected to analyses similar to those used in Study 1. The results for the number of genes found are presented in Fig. 5A (each box-and-whisker plot represents a summary of the segregation analyses for one simulated model). A number of observations are warranted. First, when the data simulated under Model 1 (Fig. 3A) are analyzed for either of the two traits separately (i.e., a trait is generated by a specific set of genes), the results accurately match the simulated data (see box-and-whisker plot 1, Fig. 5A ). As per these analyses, the trait has three to five controlling genes (posterior probabilities are .267, .697, and .947, correspondingly), and the distribution of results obtained in 20,000 iterations is such that the mean = 4.08 (sd = 0.93), the median = 4, and the mode = 4 (the range of solutions is 1-8). In addition, the analyses present evidence for the presence of four genes of moderate effect ($.45-.50). Second, box-and-whisker plots 2-6 show the number of genes found in the analyses while regressing out one trait or the other (Models 1-5 in Fig. 3A ) and the observed pattern of change in these plots corresponds to the anticipated pattern. Specifically, as the number of overlapping genes changes from zero to four (see Models 1-5, Fig. 3 ), the mean number of genes ''moves'' from 5 to 1 and the shapes of the plots change. Specifically, the ''no overlap'' scenario generates the following statistics: mean = 4.97, sd = 1.54, mode = 5, median = 5, range 1-10. Notably, the introduction of an overlapping gene (box 3) and subsequent increases in the number of overlapping genes (boxes 4-5) result in a stepwise ''loss'' of genes (one per box). Box 6 presents the results of no or only one gene found (when found, this gene is of very small effect size, less than .1). The corresponding changes in the moments of the distribution are: (1) one gene shared: mean = 3.16, sd = .49, mode = 3, median = 3, range 1-6; (2) two genes shared: mean = 2.25, sd = .51, mode = 2, median = 2, range 1-4, (3) three genes shared: mean = 1.24, sd = .50, mode = 1, median = 1, range 1-4; and (4) four genes shared: mean = 1.51, sd = 1.31, mode = 1, median = 1, range 1-7. The data on gene effects support these results by capturing the ''disappearance'' of genes of large and moderate effect. In summary, the results of the segregation analyses are remarkably consistent with the simulated scenarios presented in Fig. 3A . Results of first simulation exercise. Box-and-whisker plots present the results of the segregation analyses for one trait (either PA or RN) by itself and then for both traits simultaneously, using simulated data created under scenarios 1-5 as shown in Fig. 3A . The X-axis shows the number of box-and-whisker plots: Plot #1 depicts the analyses for a single isolated trait; Plots 2-6 correspond to Models 1-5 as illustrated in Fig. 3A . The Y-axis shows the number of genes identified at least once in the course of 20,000 iterations. (B) Results of the second simulation exercise (simulated scenarios shown in Fig. 3B) . The X-axis shows the number of box-and-whisker plots: Plot 1 depicts the results of the segregation analyses for PA; Plot 5 depicts the results of the segregation analyses for RN; Plots 2-4 show the results of the analyses for PA when RN is regressed out (as per the simulation models shown in Fig. 3B) ; Plots 6-8 show the results of the analyses for RN when PA is regressed out (as per the simulation models shown in Fig. 3B) . The Y-axis shows the number of genes identified at least once in the course of 20,000 iterations.
3.2.1.2. Number of genes found as a function of effect size. The analyses presented here were carried out on the data simulated based on the scenarios depicted in Fig. 3B . Once again, the overall pattern of results from these analyses matched those obtained in Study 1 (see Fig. 5B ).
Specifically, in simulation scenarios 6-8 (Fig. 3B) , three genes contributed to PA (the distributions of genetic variance between these three genes was 17%, 33%, and 50%) and three genes contributed to RN (accounting for 22%, 33%, and 45% of genetic variance, respectively); one of these five genes was shared, and the amount of variance this shared gene contributed to each trait varied. Thus, when each trait is considered without covarying out the second trait, so that the ''sharedness'' of one gene is not included, the analyses determined that three genes, on average, contributed to PA (box-and-whisker plot 1, Fig. 5B , mean = 3.56, sd = .95, mode = 3, median = 3, range 1-6) and three genes on average contributed to RN (box-and-whisker plot 5, Fig. 5B , mean = 3.44, sd = .94, mode = 3, median = 3, range 1-7). When the magnitude of the contribution of the shared gene to each trait varied and both traits were considered simultaneously in the analyses, the results were as follows: For PA, the change in contribution of the shared gene from 50%, to 30%, to 17% (see Models 6-8, Fig. 3B ) resulted in an increase in the number of genes detected as contributing to PA (mean = 1.36, sd = .56, mode = 1, median = 1, range 1-4; mean = 2.35, sd = .57, mode = 2, median = 2, range 1-5; mean = 2.82, sd = .96, mode = 3, median = 3, range 1-6 for box-and-whisker plots 2-4 of Fig. 5B, respectively) . Similarly, for RN, change in the contribution of the shared gene from 45%, to 33%, to 22% also resulted in an increase in the number of genes detected as contributing to RN, although this tendency was less pronounced for RN than for PA (mean = 2.84, sd = .86, mode = 3, median = 3, range 1-6; mean = 2.75, sd = 1.05, mode = 2, median = 3, range 0-7; mean = 3.59, sd = 1.00, mode = 4, median = 4, range 0-7, for box-and-whisker plots 6-8 of Fig. 5B , respectively). The differences in the profiles of results for PA and RN when these traits were covaried for each other (box-andwhisker plots 2-4 vs. 6-8, respectively) can be explained by the relative contributions of shared and nonshared genes. For example, when the shared gene contributes substantially more to one trait than another (50% vs. 45%, for PA and RN respectively, as in scenario 1 [Fig. 3B]) , and the contributions of the ''specific'' genes are also disproportionately smaller (33% and 17% for PA), the ''loss'' of the shared gene is more evident (box-and-whisker plot 2) than when the contribution of the shared gene is small (17% for PA and 22% for RN) and the contributions of the ''specific'' genes disproportionately larger (50% and 33% for PA, box-and-whisker plot 4). In sum, these analyses on the simulated data enhanced our understanding of the differential results obtained for PA and RN in the context of the single-trait analyses and the analyses that included one of the traits as a covariate.
Tug of war: where are the genes?
Finally, we wanted to examine one of the simulated datasets that most approximated the patterns revealed through the analyses in Study 1 by means of linkage analyses. The purpose of these analyses was to attempt to map or locate the genes in the genome that contribute to the manifestation of PA and RN. We used the dataset with 372 markers and 6 genes simulated under Model 3 (two shared genes and four unique genes contributing differentially, in pairs, to PA and RN, see Fig. 3A ). The six contributing genes/markers were placed randomly within the eight regions with positive linkage signals as identified in the literature and specified earlier [15q, 6p, 2p, 6q, 18p, 11p, 1p, and 3p, as described in Grigorenko, 2005] . Specifically, the unique contributing markers were placed at 1p (in the candidate region for SRD, DYX8) and 11p (DYX7) for PA and at 15q (DYX1) and 18p (DYX6) for RN; the shared contributing markers were placed at 2p (DYX3) and 6q (DYX4). To analyze the data for linkage, we used the LOKI software (Daw et al., 1999; Daw et al., 2000; Heath, 1997) . As mentioned earlier, all four markers influencing the trait contributed equally, and the magnitude of each marker's effect was 25% of the total genetic variance. As an indicator of the presence of linkage, we used the Bayes factor or Lscore , the ratio of the prior probability to the posterior probability-that is, the probability that there is no linkage Fig. 6 . Results from the linkage analyses of the data generated under Model 3 in the first simulation exercise. The results were generated with 20,000 iterations for all of the analyses; however, the results for the phenotype ''RN covarying for PA'' for chromosome 6 were generated with 200,000 iterations (to ensure that the results were indeed nil results). The vertical black line for each chromosome denotes the location of the ''susceptibility'' gene. Horizontal lines indicate the upper and lower boundaries for significant L-scores. The intensity of the shade captures the magnitude of the L-score (darker means stronger); the widths of the shade capture the precision with which the location of the signal can be established. The order of the strips is as follows: PA is the top strip, and then PA covarying for RN, then RN and then RN covarying for PA. The abbreviations C1-18 indicate chromosome numbers and QTL1-6 indicate contributing loci in the order in which they were selected at random from the list of eight candidate regions.
to a region (null hypothesis) to the probability that there is linkage following the completion of the run. A rule of thumb for interpreting L-scores is that scores from 3 to 20 indicate positive evidence, 20-150 indicate strong evidence and scores above 150 indicate very strong evidence (Raftery, 1996) . To determine the L-score at each location of the simulated genome, the QTLs were histogrammed with bins 1 cM wide and plotted (see Fig. 6 ).
The analyses were carried out with 20,000 iterations for each of the four phenotypes: PA, PA covarying for RN, RN, and RN covarying for PA (in the order of appearance in Fig. 6 ). The results are graphically summarized in Fig. 6 and numerically summarized below. All six contributing genetic markers were identified, but the pattern of results was somewhat different for PA and RN.
Specifically, for PA, all four contributing loci were detected: Lscore max = 215.2 for DYX8 (1p, QTL6, unique); L-score max = 144.7 for DYX3 (2p, QTL1, shared); L-score max = 146.0 for DYX4 (6q, QTL2, shared); and L-score max = 306.6 for DYX7 (11p, QTL4, unique). Similarly, the LOKI software properly located all four loci contributing to the RN trait: L-score max = 134.4 for DYX3 (2p, QTL1, shared); L-score max = 322.54 for DYX4 (6q, QTL2, shared); Lscore max = 277.6 for DYX1 (15q, QTL3, unique); and L-scoremax = 273.6 for DYX6 (18p, QTL5, unique). Summarizing these results, it is important to note that in general the signals were stronger for unique loci than for shared loci, though there was an exception for DYX4 (6q, QTL2 shared) and RN.
It is also interesting to note that covarying one trait for another did not improve either the intensity or the precision of the signal. Specifically, for the shared loci 2p and 6q, the corresponding Lscores max were 55.6 (PA covarying for RN) and 74.83 (RN covarying for PA) and 59.72 (PA covarying for RN) and .71 (RN covarying for PA), respectively.
Discussion
The results of the analyses of the simulated data were concordant with the profile of the findings and the conclusions from Study 1.
Specifically, first, the results of the segregation analysis conducted on the simulated data support the pattern of results obtained in Study 1 and the plausibility of the theoretical model connecting PA and RN through genetic etiological factors, assuming both shared and unique genetic contributions.
Second, the results also indicated how ''sharedness'' might not be symmetrical-that one gene can contribute more to one trait than to the other trait and, correspondingly, that the ''loss'' of the gene when one trait is covaried for another can be more evident for one trait than the other trait when the contribution of the common gene is unequal to the two traits.
Third, when linkage analyses were carried out on the simulated data, similarly to the outcomes of the segregation analyses, we were also able to recover the simulated model. Of interest is that the precision of localization and the magnitude of the genetic effect varied depending on the specifics of the contribution of a particular locus to one of the two modeled traits, PA and RN.
General discussion and conclusion
Here we have presented two studies designed to generate insights into the psychological and genetic bases of reading ability and disability as conceptualized through the quantitative traits of PA and RN. Specifically, in the first study, using behavioral indicators of PA and RN from a large genetically informative sample of unselected families, we attempted to validate different models of the etiological relationship between PA and RN. Based on the familiality and heritability patterns, we concluded that the most likely pattern of such relationships involves only partially overlapping genetic etiology for both traits; in other words, both unique and shared genes are involved, and PA and RN have shared but not identical genetic foundations. We used the results from Study 1 to simulate plausible datasets, then conducted a set of analyses intended to validate our findings (Study 2). The results of the simulation studies supported a number of conclusions that we had drawn from our empirical study and strengthened our hypothesis that correlated componential traits characterizing reading ability and disability appear to be receiving both shared and unique contributions from underlying genetic factors. A few issues merit comment along with this general conclusion.
First, based on the results of Study 1, the observed behavioral correlation between PA and RN can be at least partially explained by the presence of genetic correlations. Based on our data, these correlations appear to emerge from a partial overlap in the genetic bases of these traits. Yet, there is reason to believe that this overlap is incomplete, and that the manifestation of both traits is influenced by some additional unique genes. This observation might contribute to or even resolve the discussion on the overlap between PA and RN at the phenotypic level.
Second, it is evident from our results that both traits are influenced by a number of genes. This observation aligns with previous observations on related traits, such as phonological memory (Wijsman et al., 2000) . This finding also aligns with the fact that multiple regions of interest are currently under consideration in the field of reading abilities and disabilities (Fisher and Francks, 2006; Grigorenko, 2005) for their contribution to both the holistic phenotype of reading and its components. In this and the context of other recent papers, although not directly tested here, the hypothesis of the over-riding presence of generalist genes (Kovas and Plomin, 2006) contributing to all learning disabilities does not seem readily supportable. In addition, it appears that the contributing genes vary in their magnitude effects; not all of them are small, and a number of them might be accounting for a substantial proportion of genetic variance.
Third, the results of our simulation study indicated that our model of unique and shared genes is plausible; the patterns of results obtained in this study largely corresponded, at least in general terms, to our expectations. Thus, we specifically addressed the relationships between PA and RN, but similar analyses could be carried out with a number of correlated traits characterizing reading ability and disability. These results are even more reassuring in the context of the literature delineating the pathway from segregation analyses to the discovery of genes, such as, for example, the literature on Alzheimer's disease (Daw et al., 2000; Wijsman et al., , 2005 Yu et al., 2007) .
Fourth, to our knowledge, this is one of only a few large-scale genetically informative studies of the familiality/heritability of PA and RN in a language other than English. We specifically selected Russian, which is substantially more phonologically transparent than English, yet not as transparent as Finnish, Turkish, or Swahili. This ''position'' of the Russian language permits more balanced studies of PA and RN: the emphasis on accuracy, of which PA is typically a good predictor, is not as heavy as in English, and the emphasis on fluency, of which RN is typically a good predictor, is not as heavy as in Finnish or Turkish. Given the growing appreciation of the hypothesis that English is a very particular orthographic system (Share, 2008) , it appears that more information is needed about other orthographic systems to appreciate both the position of English orthography and the biological machinery behind reading. This study adds to a growing number of studies contributing to the understanding of reading in languages other than English and to the discernment of the genetic bases of reading ability and disability in these languages [e.g., Swedish, Finnish, German]. These studies are important to understanding the fine aspects of within-(e.g., twins and siblings) and cross-(e.g., parents and children) generational transmission of reading-related skills.
Finally, a special comment should be made with regard to the power of genetic studies aimed at understanding familial patterns of transmission of reading and reading-related traits and their genetic bases. It is obvious that for the detection of many genes of moderate-small effects, the direction in which the field seems to be moving, large sample sizes are needed for the successful identification and localization of the signals.
This study also has a number of limitations. First, we used an unselected, representative sample of families, and it is possible that familiality and heritability estimates would have been larger if the sample had been ascertained through probands whose performance on reading and reading-related tasks was deficient. Such a sample might have been formed from our dataset, using the conventional segment of 15-25% of the lowest performance bracket, but this sample would have had substantially less power. Thus, our findings are interpretable only with regard to a general, population, not a disabled one. Second, these results are limited to two traits only, PA and RN, while modern models of reading are much more sophisticated and engage several other reading-related processes and representations. Future research might expand our models to include additional reading-related traits. Third, given the size of the sample and the distribution of ages among our participants, we were limited in both the time spent with each participant in the individual testing sessions and by the availability of assessments that work well across ages. It will be important to confirm our results in studies where convergent operators (i.e., multiple assessments of the same trait) are used to minimize measurement error and maximize the precision in measuring PA and RN. Fourth, in this sample we did not have molecular-genetic data and including such data would be quite important for the verification of the observations made in this study. Finally, although our simulation studies and analyses were more extensive than presented here, they were illustrative, not conclusive. That is, although we generated multiple datasets for exploration purposes and observed results that appeared to be internally consistent, we presented here only a single randomly chosen dataset per model for demonstration purposes, leaving a more elaborate and systematic exploration of the robustness of our conclusions for further methodological research.
Despite these limitations, however, the study contributes to the growing body of literature on the etiology of reading and readingrelated processes and provides an illustration of how a genetically informed design might contribute to the development and verification of psychological theories. The study makes contributions to the field by (1) presenting a large community sample of families; (2) providing insights into the etiology of reading development in Russian; (3) investigating the etiological relationships between phonological awareness and rapid naming in both real and simulated datasets; and (4) contributing to the verification of the theories of typical and atypical reading development.
